Abstract: Carboxylic acids play an important role in both aerobic and anaerobic metabolic pathways of both the snail and the parasite. Monitoring the effects of infection by schistosome on Biomphalaria alexandrina carboxylic acids metabolic profiles represents a promising additional source of information about the state of metabolic system. We separated and quantified pyruvic, fumaric, malic, oxalic, and acetic acids using ion-suppression reversed-phase high performance liquid chromatography (HPLC) to detect correlations between these acids in both hemolymph and digestive gland gonad complex (DGG's) samples in a total of 300 B. alexandrina snails (150 infected and 150 controls) at different stages of infection. The results showed that the majority of metabolite pairs did not show significant correlations. However, some high correlations were found between the studied acids within the control group but not in other groups. More striking was the existence of reversed correlations between the same acids at different stages of infection. Some possible explanations of the underlying mechanisms were discussed. Ultimately, however, further data are required for resolving the responsible regulatory events. These findings highlight the potential of metabolomics as a novel approach for fundamental investigations of host-pathogen interactions as well as disease surveillance and control.
INTRODUCTION
Researchers started to explore new array-based technologies to map metabolites to provide signature characteristics for each disease state by taking snap shot of metabolism. Metabolome analysis is the systematic analysis of metabolites present in a cell which represent hundreds of diverse classes of small organic molecules, including amino acids, nucleotides, carbohydrates, carboxylic acids, vitamins, and coenzymes [1] .
Metabolomics can be used for 2 major different purposes: screening for differences between metabolic fingerprints of cohorts of populations or to understand the regulatory structure of metabolic pathways and its dynamics [2] . Although the general metabolic needs of parasites for their maintenance, growth, and reproduction are similar to those of all living forms, the specific details of pathways vary greatly [3] .
Parasitic helminths have an absolute dependency on carbohydrates for their energy source, and one of the key features of carbohydrate catabolism in parasites is the excretion of a wide range of end products from carbohydrate breakdown; which are di-and tricarboxylic acids, most of which have low molecular absorptivity and thus are poorly detectable compounds by photometric detection [1] . Because of the large number and low concentration of many metabolites, metabolome studies require sensitive, selective, and high throughput separation techniques [4] . There are 2 different approaches to metabolite analysis, i.e., comprehensive and selective [5] .
The major physiologic and metabolic mechanisms of snailschistosome relationships that are crucial for survival, growth, and efficient transmission of parasites, remain partially known [6] . Recent studies on the topic have used high performance thin layer chromatography (HPTLC) to examine the pathobiochemical effects of Schistosoma mansoni infection on the amino acid [7] , neutral lipid [8] , carbohydrate [9] , and content of Carboxylic acids, such as pyruvic, fumaric, malic, oxalic, and acetic play important roles in both aerobic and anaerobic metabolic pathways, as they are involved in the intermediary metabolism of the snail [10] . In a recent work by the authors [11] , the potentiality of these acids to be used as diagnostic and therapeutic biomarkers was studied. They were found to be good discriminators between infected and uninfected snails as well as between the different stages of infection. The most suitable acids to be used as drug targets were also detected.
The present study aimed at qualitatively and quantitatively determining these acids in the hemolymph (blood) and digestive gland-gonad complex (DGG) of B. alexandrina after infection with S. mansoni in order to establish correlations between carbohydrate metabolites in different stages of infection.
MATERIALS AND METHODS
Biological materials were obtained from the Medical Malacology Laboratory, Theodor Bilharz Research Institute, Imbaba, Giza, Egypt. A total of 300 snails of an Egyptian strain, including 150 infected cases and 150 controls, were used in this study.
Snail maintenance
Snails were maintained in plastic trays, each containing 10 snails and 1 L of aerated tap water (26± 2˚C), replaced twice a week, and fed boiled fresh lettuce and blue green algae [12] . Aquaria were cleaned weekly for removal of feces and dead snails [13] . Laboratory reared B. alexandrina reaching 6-7 mm in shell diameter was exposed to S. mansoni miracidial infection according to Massa et al. [14] . Harvesting of the snails was done as follow: group 1 (G1) included 50 snails of 2 weeks after infection; group 2 (G2) was 50 snails at the time of patency development; and group 3 (G3) was 50 snails of 2 weeks after patency. Uninfected cohort snails of the same shell diameter were maintained in the same manner and harvested at corresponding intervals.
Sample preparation
Hemolymph samples were collected from each snail, after cleaning with a paper towel, using a Pasteur pipette inserted through a tiny hole made in the pericardial region. The samples were then centrifuged at 120 g for 5 min to separate the supernatant from hemocytes and cell debris, and then the supernatant was kept at -20˚C till the time of extraction [14] .
The DGG tissue extract samples were prepared by dissection free from the snail body, and then carboxylic acid extraction was done using 50% Ringer's solution (Carolina Biological Supply, North Carolina, USA). Centrifugation of the extract was done at 250 g for 15 min to collect the supernatants which were stored at -20˚C until use [15] .
HPLC analysis
Synthetic standards of acetic, fumaric, oxalic, malic, and pyruvic acids (Sigma-Aldrich, St. Louis, Missouri, USA) in the highest purity grade available were determined by the C18 ion-suppression reversed-phase HPLC according to Lian et al. [16] . Adjusted HPLC graded water as the mobile phase, isocratic elution at a flow rate of 1 ml/min, and the ultraviolet diode array detector at 210 nm with a sensitivity of 0.02 absorbance units were used to obtain chromatograms of the carboxylic acid standards and to determine the retention time of each acid. Calibration curves of each standard were done separately by plotting the peak area of each standard against its concentration, and then pooling of studied carboxylic acid standards was done to obtain calibration curves of studied acid mixtures.
Identification of carboxylic acids in studied samples was made by matching the peak area retention time between standards and studied sample chromatograms. Validation was made by comparing the standards and sample ultraviolet spectra collected by the detector during the separation. Quantitative analyses of the identified acids were done by generating graphs that relate the standard concentrations of the acids to their peak areas. Results were achieved by intrapolation within the calibration curve.
Pooling each of 10 snails was used throughout the study, and the mean of 10 trails for each HPLC analysis was done for each sample. The conversions to part per million concentrations (ppm) were done according to Fishel and Mossler [17] . The concentration (ppm) of each acid in snail DGGs was calculated by multiplying the sample solution concentration interpolated from calibration curve (I) (ppm) by the original sample volume (V) (ml) and division of the product by the mass of the snail DGG (M) (g) and for hemolymph. Carboxylic acid concentration (μg/dl) was calculated by multiplying I times V times 100, and division of the product by the hemolymph volume (HV) (ml) according to Massa et al. [14] . Statistical analysis of the results was done with Microsoft Excel software using the Pearson correlation analysis.
RESULTS
Descriptive statistics of the studied acid concentrations are shown in Tables 1 and 2 , and the correlations between the studied acids in hemolymph (H) and tissue samples (T) in different groups (control group, 2-week post exposure group, shedding group, and 2-week post shedding group) are shown in Tables 3-7 .
Control group
In hemolymph samples, a significant positive correlation was found between oxalic and fumaric acids, and a highly significant positive correlation was found between acetic and pyruvic acids. In tissue samples, a significant positive correlation was found between oxalic and pyruvic acids and between acetic and pyruvic acids, a highly significant positive correlation was found between malic and pyruvic acids, and a significant negative correlation was found between fumaric and oxalic acids. Other significant negative correlations were also detected between the concentrations of malic acid in hemolymph and acetic acid in tissue (r= -0.532) and between the concentrations of malic acid in hemolymph and fumaric acid in tissue (r = -0.444) ( Table 3) .
G1 (2 weeks post exposure group)
In hemolymph samples, a significant positive correlation was found between oxalic and malic acids. In tissue samples, a highly significant positive correlation was found between malic and pyruvic acids, and a significant negative correlation was found between acetic and fumaric acids. Other significant correlations were also detected between the followings: a significant positive correlation between the concentrations of acetic acid in hemolymph and oxalic acid in tissue (r= 0.885) and a significant negative correlation between the concentrations of fumaric acid in hemolymph and acetic acid in tissue (r= -0.934) ( Table 4) .
G2 (the shedding group)
In hemolymph samples, a significant positive correlation was found between oxalic and fumaric acids. In tissue samples, a highly significant positive correlation was found between acetic and pyruvic acids. Other significant correlations were also detected between the followings: a significant positive correlation between the concentrations of oxalic acid in hemolymph and acetic acid in tissue (r = 0.925), between the concentrations of fumaric acid in hemolymph and acetic acid in tissue (r= 0.915), and between the concentrations of fumaric acid in hemolymph and pyruvic acid in tissue (r = 0.874). A highly significant positive correlation was found between the concentrations of oxalic acid in hemolymph and pyruvic acid in tissue (r= 0.94) ( Table 5 ).
G3 (2 weeks post-shedding group)
In hemolymph samples, a significant positive correlation was found between oxalic and malic acids. In tissue samples, a significant positive correlation was found between fumaric and oxalic acids, and a highly significant negative correlation was found between malic and pyruvic acids. Other significant negative correlations were also detected between the concentrations of fumaric acid in hemolymph and acetic acid in tissue (r= -0.845) (Table 6 ).
Finally, highly significant positive correlations were detected between oxalic acid concentration in both hemolymph and tissue samples in the control group and between fumaric acid concentration in both hemolymph and tissue samples in 2 weeks post-exposure group (Table 7) .
DISCUSSION
Despite the difficulties in assessing the causal origin of a specific correlation in metabolomics data, the observed pattern provides information about the metabolic system that allows greater understanding of the underlying process. The observed correlations are properties of the whole system, not of any particular metabolite, enzyme, or reaction [18] . When measuring a population of biological replicates, intrinsic fluctuations may arise due to at least 2 different mechanisms; first, organisms are never actually identical even under identical experimental conditions, there are always inevitable small differences in enzyme concentrations [19] , and second, the effects of environmental factors on cellular metabolism [18] .
Pooling of each 10 snails was used throughout the study and the mean of 10 trails for each HPLC analysis was done for each sample. Van Saun [20] encouraged the use of pooled samples and stated that, though some variation may be masked, pooled samples may provide an economic alternative to traditional metabolic profiling, as most of the important measures of metabolic status showed minimal differences between pooled and individual samples and found them to be statistically equivalent. He stated that the real challenge of using pooled samples is interpretation. Empirically one can interpret pooled samples by determining how far they deviate from the midpoint of the reference range for the control [19] .
Comparing correlations obtained with each single state is more relevant than combining samples of different states, this is particularly important when, in one state there is a high correlation, but not in the other, or when the correlations are both high but of opposite sign [19] . In the present study, some correlations were found to be high within the control group but not in other groups; between oxalic acid concentrations in hemolymph and tissue samples, oxalic and pyruvic acids in tissue samples, pyruvic and acetic acids in hemolymph samples, malic acid concentration in hemolymph, and both acetic and fumaric acid concentrations in tissue samples.
The more striking finding was the existence of reversed correlations, i.e., a situation in which the correlation between 2 metabolites changes its sign [21] . In the present work, although no significant correlation was found between malic and pyruvic acids in all groups in hemolymph samples, a highly significant positive correlation was found between malic and pyruvic acids in the control group and group 1, reversed to a highly significant negative correlation in group 3 in tissue samples. Also, the significant negative correlation that was found between fumaric and oxalic acids in tissue samples in the control group was reversed to a significant positive correlation in group 3. Moreover, the significant negative correlation found between the concentrations of fumaric acid in hemolymph and acetic acid in tissue samples in group 1 was found to be reversed to a positive correlation in group 2, which was then reversed again to a negative correlation in group 3. This points to a marked change in the underlying regulation of the system and possibly reflects the existence of multiple steady states. Indeed, the phenomenon of reversed correlations is also observed in the numerical models of cellular metabolism, involving multi-stationary and switching between different states [22] . However, other causes of reversed correlations are also conceivable and a more detailed evaluation is still needed.
The transition to a different state may not only involve changes in the average levels of the measured metabolites, but also involve changes in their pair-wise correlations. Likewise, a metabolite which shows no significant change in the average level between 2 different experimental conditions may still show an alteration of its pair-wise correlations with other metabolites. This observation leads to an interpretation of the resulting pattern of correlation as a global fingerprint of the state [18] .
In our study, the majority of metabolite pairs did not show significant correlations. This was explained by different reports [18, 19, 21] , which stated that metabolite correlations do not necessarily correspond to proximity in the biochemical network as it is noted that neighboring metabolites and directly interacting metabolites in the metabolic network may have little or no correlation. It is not because they are not related, but because the variance in the enzymes that control them also affects them in equal amounts and different directions. This is what happens to most of the metabolite pairs and is the consequence of the systemic nature of metabolic control.
Strong correlations between 2 metabolites are likely explained by the chemical equilibrium between them. Also an interesting prediction, still to be confirmed, is that metabolites sharing conserved moieties should have high correlations and at least one of them being negatively correlated with the others. However, most high correlations may be due to either stronger mutual control by a single enzyme or variation of a single enzyme level much above others. In both cases, it is impossible to identify the responsible enzyme from these data alone, thou-gh hints can be obtained from the set of metabolites forming correlation clique [22] . Ultimately, further data are required for resolving the responsible regulatory events with protein profiles being the most promising for this effect [18, 19] .
When 2 metabolites are moderately correlated, it may be due to a large concentration response coefficient towards a common enzyme, or an enzyme that has carries unusually high variance. However, to identify this enzyme requires further data [23] .
Metabolites in chemical equilibrium will have nearly perfect positive correlation. As a consequence, metabolites with negative correlation are not in equilibrium. In this case, the correlation does not originate from the enzyme that catalyzes the equilibrium reaction, as the metabolites have very small response towards it [19] .
That is, differences or distance in terms of observed correlations should reflect and correspond to differences or distance in states, tissue types, and experimental conditions. The observed correlations should be robust with respect to minor changes in the underlying system, while at the same time they should be susceptible for marked changes in the underlying biochemical system. While the preliminary studies seem to support this view [21, 22] , large scale comparisons of metabolic correlations are still sparsely reported. Thus, to distinguish the specific mechanisms responsible for an observed correlation does require additional knowledge, and a concluding evaluation of the validity and applicability of large-scale metabolomic correlation analysis requires further experimental verification [18, 19] .
Consistent differences in both the hemolymph and tissue carbohydrate metabolite correlation profiles of the studied groups represent a promising additional source of information about the state of a metabolic system. However, their interpretation in terms of the underlying biochemical pathways is not straight forward and largely defies an intuitive analysis. These findings highlight the potential of metabolomics as a novel approach for fundamental investigations of host-pathogen interactions as well as for disease surveillance and control.
Identifying enzymes involved in specific metabolic pathway detected only in S. mansoni-infected snails may allow the use of certain enzyme inhibitors as target chemotherapeutic control agents. Alteration in the metabolism or metabolic status may also be used as a control measure without killing snails to keep balanced ecology.
